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Abstract— Prioritizing a product portfolio dynamically 

means drawing on internal and external signals that reflect 

shifting enterprise risk exposure. Yet the governance 

structures, accountabilities, and processes that guide the AI 

analysis behind this work are rarely examined. This paper 

takes an objective, evidence-based look at product 

intelligence governance and shows how data quality and 

provenance relate to responsible product decisions, so that 

prioritization stays aligned with the enterprise's risk appetite 

and exposure. The principles build on the data and research-

quality frameworks of the European Commission's High-

Level Expert Group on AI and support the responsible 

adoption of product-intelligence tools, including those that 

automatically identify ethical and legal risks. 

Scaling portfolio dynamics through automated analysis 

depends on two things: the quality of the visual and content 

data used to train AI models, and the ontological model that 

defines which product attributes determine enterprise risk 

and reputational exposure. Whether tools are used with 

human assistance or fully automated, their adoption and 

outputs must be governed by coordinated accountabilities 

for risk-related decisions and actions across ethical, legal, 

privacy, security, and environmental concerns. This 

governance matters most when exposure changes over time 

and AI techniques surface ethical or legal risks that were not 

explicitly anticipated at design time. 
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1. INTRODUCTION 

The principles of responsible technology adoption are 
enshrined in various industry frameworks, ethical guidelines, 
and national policies on the development and use of AI-
enhanced technologies. These principles can be grouped 
together in terms of risk, control, and leverage. Across these 
aspects, the core principle of responsible adoption can be 
summarised as follows: 

The risks that arise from using AI-enhanced technologies and 
the associated products/services must be understood and 
managed so that all stakeholders are protected from the 
potential harmful effects they may inflict. Although the 
benefits of AI-enhanced technologies can be substantial, with 
many predicting that these will generate significant value and 
transformation across society, businesses, and governments, 
appropriate Governance Processes must be in place to address 
both the ethical principles around “trustworthy AI” and the 
emerging regulatory requirements that are likely to govern AI 
product development, adoption, and usage. If applied early 
and wisely, these Governance Processes should, therefore, 
act as a control, preventing organisations from introducing 
and using products or AI-enhanced technologies in ways that 
cause unintended or negative consequences for society or 
specific stakeholders. 

The value of AI-enhanced technologies within organisations 
should be actively identified and sought. Products that are 
likely to be beneficial to the organisation, its stakeholders, or 
society as a whole deserve to be adopted, monitored, and 
used, even if they introduce higher residual risk, provided that 
the risks are understood and appropriately controlled. This 
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reflects a “risk-reward” dynamic: an increase in risk of 
adverse outcomes may involve more chance of a substantial 
upside. The Need for AI-enhanced Technologies as an 
Enabler of Transformation should also be recognised. 

 

Fig. 1. Illustrative effect of governance adjustment (6) on 
candidate prospect value. Annotations give the change in 
rank position between the raw and the governance-adjusted 
ordering. Synthetic data; no empirical measurement is 
implied. 

A. Responsible Technology Adoption 

The ethical, legal, and social implications of new 
technologies are of paramount concern for stakeholders, 
especially government regulators and institutional investors. 
These actors endorse principles for responsible technology 
adoption, and issues such as data and privacy stewardship, 
content and model provenance, and compliance with 
applicable legislation require close attention. Regulators seek 
assurance that companies incorporate adequate practices that 
establish a solid risk management framework for 
incorporation of new technologies; indeed, technology is 
invariably incorporated with an intent to create value. 
Investors demand transparency around these risk areas, and 
companies themselves seek to ensure a governance structure 
visibly aligned with corporate philosophy and values. The 
rapid evolution of new technologies, many with huge 
development cycles, poses another challenge: governance 
models must evolve rapidly but also formally and 
accountably, passing through the relevant steps and channels 
of analysis. 

Governance objectives for advance adoption cover 
consideration of the use of unvetted datasets and content with 
the aim of obtaining competitive advantage and corporate 
reputation, and also the inherent risks of adopting and 
embedding into products and services models of unknown 
origin. These factors map to creation of risk around data 
stewardship, content or model provenance, and compliance 
implications. Finally, creation and use of specific internal 
prompt models for data generation must be monitored and 
controlled on the same basis as any other risk for the 
enterprise. 

The work is based around an application-oriented analysis, 
followed by creating an analytics architecture that includes a 
proof of concept. In line with the guiding principle of 
constant alignment with stakeholders during the creation of 

knowledge, the concept is validated with a group of experts, 
using an adapted form of Delphi technique. 

 

Fig. 2. Illustrative behaviour-over-time trajectory from the 
system-dynamics formulation. Rising governance maturity 
draws residual risk (9) below the re-prioritisation threshold τ, 
while an emergent ethical/legal signal at t = 5 — of a kind not 
covered at design time — briefly returns it above the trigger, 
re-opening the prioritisation decision per (10). Simulated, not 
observed. 

2. Conceptual Foundations 

Responsible Technology Adoption (RTA) focusses on the 
adoption of technologies that comply with external 
regulations and signals supported by corporate risk 
management. Data provenance enables the monitoring of 
data sources, and the awareness of breach in any of these 
sources will bubble-up to the risk assessment function and to 
the prioritization of innovation efforts. When there is an 
unalignment between emerging innovations in a 
responsiveness plethora of external signals, there either may 
not be RTA, or the emergence of risks may force the 
cancellation or the de-prioritisation of such innovations. 
Responsive Portfolio would thus align with a Responsiveness 
contrast dimension. The governance dimension of PCI 
proposes additional signals towards cancelling or de-
prioritising innovations not aligned with these signals. A 
RESPONSIVE dimension considers the need for any 
capability associated with a Technology Adoption 
Responsive signal to fulfil the organisation level RTA. 

Governance (G) and Responsiveness (R) contrast dimensions 
are related to Political Signals directed to the corporation and 
to the products, assets and technologies associated with the 
product offer. In these terms "Governance" refers to product 
intelligence including and expanding the set of Governance 
Signals. G also considers the signals associated with 
considered external constraints applicable to a product, 
service or asset in the portfolio. A product or service offer 
inconsistant with these contraints violates G and responds to 
a Governance Contradictor. 

The Changelog provides status updates on over 4,600 
publicly available solutions and tools, while GitHub activity 
reflects interest-driven contributions. User exchanges 
documented on LinkedIn signal adoption patterns, voice 
emerging technology trends, and provide pragmatic 



considerations. Vendor websites reveal developments around 
strategic products. Third, commercial data vendors—such as 
Analyza, Appfigures, Builtwith, Datanyze, G2 Crowd, 
Gartner, G2 Track, and SimilarWeb—supply market 
intelligence on cloud infrastructure and SaaS products. 

 

Fig. 3. Illustrative data-quality profile q(i,d) by source class 
across the stewardship dimensions of Table II. The pattern 
shown — high internal completeness and consistency, weak 
provenance on public and commercial feeds — is the 
condition that motivates the discount in (3). Synthetic scores. 

A. Governance in Product Intelligence 

Governance consists of the formal structures, policies, 
processes, standards, and decision-making rights that foster 
accountability and transparent management of an enterprise’s 
product intelligence data. Governance-aware product 
intelligence positions the enterprise’s product portfolio at the 
centre of data, analytics, and intelligence processes to support 
data-driven decision-making related to product innovation 
capability, product-development resource allocation, product 
quality, market-prospect risk, and technology acquisition. 
Governance in product intelligence relies on accurate, 
consistent, complete, timely, accessible, and secure data 
satisfying the stewardship responsibilities of the product-
development, product-management, portfolio-management, 
risk-management, and data-governance functions. Ensuring 
such quality requires data integration, provenance tracking, 
usage-based quality assessment, and auditability. 

Governance-aware product-intelligence solutions determine 
the enterprise’s product portfolio: a set of products that 
maximise the enterprise’s risk-adjusted marketplace prospect 
value under the constraints of its product-development 
resources. Product portfolios evolve as new products are 
developed and existing products exit the marketplace. 
Portfolio prospect value is risk-adjusted by penalising 
portfolios with products that the portfolio-risk function 
assesses as having negative market-prospect risk. The 
product-risk function monitors product-market-prospect risk, 
reporting warnings when product-risk proxies indicate 
increased likelihood of negative market-prospect risk. 
Enterprise risk management and data-governance policies 
govern the usage and acquisition of new technologies. Data-
governance dashboards track the state of product-market-
prospect risk and the alignment of technology acquisitions 
with responsible technology-adoption policies. 

Mathematical Formulas:  

A. Data quality, provenance and trust weighting 

Fitness for purpose is the weighted aggregate of the 
stewardship dimensions, and lineage completeness is the 
share of required provenance metadata actually captured at 
transformation time: 

Qj = Σd∈D wd qj,d,   with  Σd∈D wd = 1                                                                                                                   
 (1) 

Pj = |Mcap
j| / |Mreq

j|                                                                                                                                                  
 (2) 

γj = Qj
α · Pj

β,   α + β = 1                                                                                                                                        
 (3) 

Equation (3) is the mechanism by which unvetted or 
unprovenanced data discounts an otherwise attractive 
prospect estimate rather than being reported alongside it. 

B. Residual risk and governance contradiction 

Rj = Σk∈K ωk · rj,k · (1 − cj,k)                                                                                                                                  
 (4) 

gj = 1  ⟺  ∃ k ∈ K : sj,k ∉  Ak                                                                                                                               

 (5) 

Here K spans the regulatory/legal, ethical-reputational, 
privacy and security, environmental, and supply-chain 
dimensions, and the admissible region for each dimension is 
fixed by the external constraint set applying to it. Equation 
(5) is therefore the formal statement of the paper's 
"governance contradictor": a single violated constraint is 
sufficient, irrespective of prospect value. 

C. Governance-adjusted value and dynamic prioritisation 

VG
j = γj · Vj · (1 − λ Rj) − μ · gj · Vj                                                                                                                   

 (6) 

Sj = VG
j / Cj                                                                                                                                                             

 (7) 

max Σj xj VG
j   s.t.  Σj xj Cj ≤ B,  xj ∈  {0,1}                                                                                                       

 (8) 

Equation (8) is the risk-adjusted portfolio-selection problem 
the paper describes verbally: maximise prospect value under 
development-resource constraints, after governance 
adjustment. 

D. Exposure drift and re-prioritisation trigger 

Rj(t+1) = (1 − δ) Rj(t) + δ · R̂j(t+1)                                                                                                                     
 (9) 

re-prioritise j  ⟺  |Rj(t+1) − Rj(t)| > τ   or   gj(t+1) = 1                                                                                

 (10) 

Equations (9)–(10) capture the paper's central temporal 
claim: exposure changes after design time, and AI-identified 
ethical or legal risks not covered at design time must be able 
to re-open a prioritisation decision. 

E. Adoption readiness and the referenced analytics models 

RTAj = Σm∈M θm ηj,m,   Σm θm = 1                                                                                                                      
 (11) 

f(x) = sgn( Σi αi yi K(xi, x) + b );   E = Σs πs Is (1 − ms)                                                                                
 (12) 

In (12), f(·) is the SVM risk-signal classifier applied to the 
behaviour-over-time series generated by the system-
dynamics models, and E is the SCORE supply-chain 



exposure aggregate over sources s with probability π, impact 
I, and mitigation m. 

3. Methodological Framework 

A research design based on conceptual foundation developed 
earlier is presented. The process of Data is handled, 
respecting ethical principles on data minimization, 
transparency, consent, and privacy. Validation strategies 
support reliability of the proposed approach. 

The publicly available Data used in the analysis come from 
the World Bank. Data at Risk service (empirical assessment 
of the potential systemic impact of a data breach on a bank) 
or Cyber Risk Map service of Security, Inc. are used to 
illustrate the Data governance aspects of Product 
Intelligence. A simulated Data source simulating country risk 
perception and risk/market share equilibrium is also used to 
illustrate the risk-aware analytics aspect. The simulation 
models follow the principles of System Dynamics (SD) 
modeling. A behavior over time graph of the simulation 
models generate data used in a Support Vector Machine 
(SVM) classifier model and Supply Chain Risk Exposure 
Evaluation (SCORE) model, both validated with real Data . 

Table I. Notation 

Symbo
l 

Construct Domain 

qi,d, wd Score of asset i on quality 
dimension d; dimension weight 

[0,1] 

Qj Composite data-quality index of the 
assets feeding product j 

[0,1] 

Pj Provenance (lineage) completeness 
of those assets 

[0,1] 

γj Governance trust weight (evidential 
discount on the estimate) 

[0,1] 

rj,k, cj,k, 
ωk 

Inherent risk, control effectiveness, 
weight on risk dimension k 

[0,1] 

Rj Residual enterprise risk exposure of 
product j 

[0,1] 

gj Governance-contradictor flag 
(external constraint violated) 

{0,1} 

Vj, VG
j Raw and governance-adjusted 

market-prospect value 
≥ 0 

Cj, B Product-development resource cost; 
portfolio resource budget 

> 0 

λ, μ Risk-aversion coefficient; 
contradiction penalty coefficient 

≥ 0 

δ, τ Signal-smoothing factor; re-
prioritisation trigger threshold 

(0,1] 

A. Data Governance and provenance 

Data stewards in product intelligence are accountable for the 
quality, accessibility, privacy, and compliance of persistent 
data assets within their domains. These assets' utility and 
risks are determined not only by their content but also by 
quality metrics that measure adherence to fitness for purpose. 

Security and access controls managed by data stewards 
govern who can see, modify, and delete these assets. In 
addition, established processes for validating and confirming 
access requests by others provide an audit trail for 
accountability. 

Data provenance enables true transparency of data used in 
product analytics and decision-support systems. Tracking 
where data comes from, how it is transformed, how it is 
combined with other sources, and what quality metrics apply 
is essential to enabling trust in data-driven conclusions. 
Product analytics require complex integration of large high-
quality datasets from multiple sources. Data stewards build 
data pipelines that automate the sourcing and transformation 
of these assets to support complex analytics. For these 
pipelines to be trustworthy and support rich product 
governance dashboards, the data provenance must be 
captured and exposed in a systematic way during data 
transformation.  

Table II. Data-quality dimensions, weights and stewardship 
accountabilities 

Dimensio
n d 

Weig
ht wd 

Measurement 
proxy 

Accountable 
steward 

Accuracy 0.22 Validation-rule pass 
rate at 

transformation 

Domain data 
steward 

Complete
ness 

0.18 Non-null share on 
mandatory attributes 

Domain data 
steward 

Timelines
s 

0.15 Age relative to 
refresh SLA 

Pipeline 
owner 

Consisten
cy 

0.15 Cross-source 
reconciliation 

variance 

Product-
intelligence 

lead 

Accessibi
lity 

0.10 Approved access 
requests / requests 

raised 

Access-
control 
owner 

Provenan
ce 

0.20 Captured / required 
lineage metadata, 

per (2) 

Data-
governance 

function 

4. Governance-Aware Analytics Architecture 

The present discussion explicates the design of the analytics 
architecture that operationalizes the methodological 
framework outlined previously—specifically the analytics 
component, with its underlying data workflows and the 
governance mechanisms that ensure adherence to the 
principles of product intelligence governance. 

At an abstract level, the analytical workflow transforms data 
from diverse sources into product intelligence outputs for use 
across the portfolio management lifecycle. Inputs originating 
from both internal and external sources are harmonized, 
checked for quality, and integrated into a consolidated 
repository. Quality-controlled and harmonized data then feed 
models that seek to determine the likely evolution and 
relative desirability of the enterprise portfolio. Analytics used 
to generate signals of product intelligence governance are 
applied as part of the portfolio prioritization process. The 



outputs from this signaling are subsequently fed by 
subsequent data transformations into a process that supports 
systematic risk identification and mitigation. The 
transparency provided by the primary data sourcing and the 
horizontal analytics supporting the evaluation of the portfolio 
prioritization decisions supports the realization of 
accountability through the traceability of the decision and its 
rationale. 

Table III. Governance signal taxonomy and portfolio action 

Signal 
class k 

Representative 
source 

ωk Triggered 
portfolio action 

Regulator
y / legal 

Regulatory 
registers, vendor 

licence terms 

0.
30 

Hold pending legal 
review; gj = 1 on 

breach 

Ethical / 
reputation
al 

Practitioner 
forums, press, 
issue trackers 

0.
20 

De-prioritise; 
escalate to ethics 

board 

Privacy 
and 
security 

Breach feeds, 
data-at-risk 

services 

0.
25 

Re-score Rj; 
mandate control 

uplift 

Environm
ental 

Disclosure 
filings, vendor 

reporting 

0.
10 

Flag for disclosure 
alignment 

Supply 
chain 

Vendor 
telemetry, 
SCORE 

exposure per 
(12) 

0.
15 

Re-score exposure; 
seek second source 

A. Data sources and integration 

The analytics architecture ingests data from disparate data 
sources, including internal platforms, public repositories, and 
commercial vendors. The integration layer cleanses, 
transforms, labels, and enriches the data for downstream 
consumption in accordance with data governance, data 
quality, and interoperability standards and guidelines. 
Intelligence and demand signals about technology products 
and solutions originate from an array of sources, constituting 
a hybrid set of internal and external data. 

First, internal sources include the product portfolio 
repository, engagement management system, consultancy 
practice management application, and corporate deal registry. 
The portfolio repository provides product life cycle statuses, 
while deal review data yield information about relevant sunk 
costs and potential legacy support requirements for products 
in the nonactive stage. Other internal sources contribute 
structured product intelligence data and time series of 
product-related enterprise demand and supply activities by 
region. Second, public data sources encompass the 
Changelog project, GitHub repositories, LinkedIn group 
discussions, and product update announcements on vendor 
websites.  

Table IV. Illustrative worked example: governance 
adjustment of six candidate products 

Pro
duc

t 

V

j 

C

j 

Qj Pj γj Rj gj VG

j 

Sj Rank 

Vj → 
VG

j 

P1 8
8 

3
2 

0.
7
2 

0.
5
5 

0.
64
6 

0.
39
1 

1 21.
5 

0.
67 

1 → 5 

P2 7
6 

1
8 

0.
9
1 

0.
8
8 

0.
89
8 

0.
08
1 

0 64.
9 

3.
61 

2 → 1 

P3 7
0 

2
5 

0.
8
4 

0.
7
9 

0.
82
0 

0.
18
5 

0 51.
0 

2.
04 

3 → 3 

P4 6
8 

1
2 

0.
8
8 

0.
8
3 

0.
86
0 

0.
10
1 

0 54.
9 

4.
58 

4 → 2 

P5 5
9 

2
2 

0.
6
9 

0.
6
1 

0.
65
7 

0.
31
2 

1 16.
7 

0.
76 

5 → 6 

P6 4
5 

9 0.
9
3 

0.
9
0 

0.
91
8 

0.
05
4 

0 39.
9 

4.
44 

6 → 4 

5. Conclusion 

Dynamic data-driven product portfolio prioritization and the 
corresponding monitoring of potential enterprise risks 
associated with the imminent release of new products require 
enterprises to engage in consistent alignment and 
governance-based integration of the diverse product 
intelligence data sources within the organization. A possible 
solution consists of an analytics architecture fed by these 
disparate repositories, generating actionable outputs 
regarding forthcoming product releases and the resulting 
impact on corporate reputation related to, for example, 
enterprise risks, such as regulatory scrutiny, ethical 
controversies, and social outrage. Such an architecture 
provides a foundation for the implementation of governance-
aware product intelligence that enables an enterprise to align 
its product portfolio with corporate governance priorities. 

The proposed Governance-Aware Product Intelligence 
analytics framework augments prior work on product 
intelligence with the role of enterprise governance and 
governance priorities. By performing an in-depth 
examination of Corporate Enterprise product releases, it is 
possible to conduct dynamic portfolio prioritization, 
enterprise risk alignment, and responsible technology 
adoption. The integration and ensuing focus on product-
related external data sets representing corporate governance 
capacity and reputation across multiple dimensions further 
support a broad set of senior management priorities. 
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